ABSTRACT Exudates are a serious complication causing blindness in diabetic retinopathy patients. The main objective of this paper is to develop a novel method to detect exudates lesions in color retinal images by using a morphology mean shift algorithm. The proposed method start with a normalization of the retinal image, contrast enhancement, noise removal, and the localization of the OD. Then, a coarse segmentation method by using mean shift provides a set of exudates and non-exudates candidates. Finally, a classification using the mathematical morphology algorithm (MMA) procedure is applied in order to keep only exudates pixels. The optimal value parameters of the MMA will facilitate an increase of the accuracy results from the solely MSA method by 13.10%. Based on a comparison between the results and ground truth images, the proposed method obtained an average sensitivity, specificity, and accuracy of detecting exudates as 98.40%, 98.13%, and 98.35%, respectively.
I. INTRODUCTION
Exudates are globally the primary causes leading to visual impairment, and is the first cause of blindness for people less than 50 years old in DR patients. The number 347 million people worldwide suffer from diabetes [1] . A recent study shows that the general prevalence of DR among diabetic patients is close to 28.7%, and yearly accumulative incidence of DR is 2-6% [2] . Most of the time, it has no early warning signs. Therefore, the detection of exudates in the early stage can help to potential lessen the possibility of blindness in DR patients by 50% [3] . Current methods of exudates detection take much longer computation time and require confirmation from expert ophthalmologists. However, the number of expert ophthalmologists is still inadequate, especially in rural area. It is therefore interesting to propose that only abnormalities should see the ophthalmologists. In doing so, the patients will receive as much early treatment as possible. Hence, the proposed method of exudates detection would decrease the number of DR patients who are technically meant to be sent to the experts. The less number of DR patients would reduce workload of ophthalmologist and as a result facilitate the treatment efficacy. Therefore, numerous scientists have been currently interested in proposing methods for screening exudates. Several examples of the methods for exudates detection in color retinal images can be found in the literature. Few investigation in the past have detected exudates using Global and adaptive thresholding algorithms. Exudates detection was presented by Kavitha and Devi [4] . Grey level thresholding values were applied to detect exudates regions. The combined algorithm of adaptive thresholding and region growing method was labelled for exudates detection by Usher et al. [5] . Ward et al. [6] detected exudates in color retinal images. These exudates were initially segmented by using a pre-processing followed by thresholding to identify the bright regions into the exudates. In the research of Phillips et al. [7] detected the same problem by using thresholding to identify the exudates lesions. However, a disadvantage of this algorithm was that exudates regions could also be identified mistakenly. In addition to the discussed methods, a region growing method has also been proposed to detect the exudates by Sinthanayothin et al. [8] . Another region growing method was conducted in the study of Li and Chutatape [9] . The authors utilized mean squared Weiner filtering method for removing noise before using region growing method (RGM) for exudates detection. However, the RGM seems unable to detect tiny exudates regions.
More than a decade ago, the clustering techniques have been widely used. Osareh et al. [10] utilized fuzzy C-mean clustering (FCM) to segment exudates from digital retinal images. After initial segmentation, the exudates contours were detected by neural network (NN) method. The authors reported that this method effectively detected exudates on Luv color space. Afterwards, a modified version of FCM was proposed by Sopharak et al. [11] . The authors have presented a FCM and hierarchical support vector machine (HSVM) for detecting exudates. At the first stage, local contrast method is used for enhancing original retinal images, followed by FCM to coarse segmentation of exudates. After exudates are coarse segmented, they have applied an HSVM to obtain better detection results. Nevertheless, the above mentioned methods have certain limitations in detecting small exudates regions. Moreover, the cotton-wool spots region, which is not the primary focus of detection, is identified at the same time-meaning that errors in evaluating algorithm results may emerge. Alternatively, the study of Sopharak et al. [12] has located the OD (OD) region by using maximum variance and then used the RGM to segment and detect the exudates regions. Walter et al. [13] presented exudates detection algorithm in color retinal images by using mathematical morphology algorithm (MMA). The same method of MMA was presented by Gagnon et al. [14] where a color retinal image is extracted of bright regions i.e. OD and exudates. Harangi and Hajdu [15] suggested a MMA and complex active contour technique (CACT) for detecting the exudates. At the first stage, MMA is applied to a coarse segmentation and candidate the exudates regions. After exudates have been coarse segmented, CACT is used to reduce false exudates candidates in the final stage. Some of the classification methods including Ada Boost classifier, Bayesian classifier (BC), decision support system (DSS), multilayer perceptron (MLP), neural network (NN), radial basis function (RBF), RGM, support vector machine (SVM), and machine learning have been proposed to detect exudates. Gardner et al. [16] suggested a back propagation and NN with the masked fashion to identify features and exudates on retinal images. However, this method was exploited on image-based classification in preference to pixel-based classification. A new exudates detection method based on statistical classifiers such as MP, SVM and RBF for detecting exudates is proposed by Garcia et al. [17] . It has been tested for 177 images by using image-based and pixel-based classification. In the study of Wang et al. [18] , a method to detect the exudates automatically by using BC is presented. Mitra et al. [19] have employed DSS with the use of Naïve Bayes classifier for exudates detection. Osareh et al. [20] proposed exudates detection using SVM and NN method. In their study, SVM showed better accuracy with regard to others. Template matching and enhanced minimum distance discriminant technique are proposed by Kumari [21] to detect exudates on 50 color retinal images. Supervise learning method in [22] , SVM, has been implemented to detect exudates. To get more accuracy for detection of exudates than SVM, MLP is used to detect exudates in retinal images by Niemeijer et al. [23] .
Overall, applying a classification method and a machine learning methods in color retinal images still offers the following challenges. Firstly, machine learning methods require high computing power for training processing time to candidate the exudates and non-exudates regions. Secondly, classification methods have a disadvantage regarding low accuracy in detecting exudates.
With this motivation in mind, we aim to investigate a new method toward exudates detection. The main contributions of the new methods are twofold:
1) The main objective of this propose method is develop a study for exudates detection in color retinal images by using morphology mean shift algorithm by a combining the MSA and MMA concepts to improve the exudates detection performance. Through this application, experts will be able to screen exudates faster from unseen images. This will benefit the DR patients in general, as their treatment time will be allocated more adequately and functionally.
2) To deal with the performance challenges, two different database with local dataset and a publicly available dataset named DIARETDB1 is dedicated to this study. Finally, the performance of all previous algorithms in the literature is used to compare the accuracy performance with the newly method in terms of both image-based basis and pixel-based classification. The algorithms used for comparisons are NB, SVM, FCM, NN, MLP, PCA and K-mean clustering.
II. PROPOSED METHODS
The proposed methods have been constructed a better body of knowledge to solve the problem of exudates detection using machine learning and clustering method, which is presented and evaluated on two different databases. The MSA is proposed for coarse segmentation of retinal images. It can separate exudates lesions and background parts of the image with great information. Exudates in retinal images generally have a clear relative in intensity, exudates are brighter than background. Finally, the efficiency of coarse segmentation is used to fine segmentation stage by using MMA. The schematic diagram of the proposed method is illustrated in Figure 1 .
A. PREPROCESSING
The images are taken in different patient and different types of cameras. The images show important color, size and quality diversities. Moreover, the intensity within the retinal image and between images can be significantly different. This variation makes the image processing methods development more challenging. Therefore, pre-processing is necessary for original retinal images. The Illumination correction is required to normalize of the image, contrast enhancement, noise removal, and the localization of the OD before starting coarse segmentation stage. Different image processing algorithms are adopted to make the retinal images more clear and enhanced so that accurate exudates detection can be performed. At the VOLUME 7, 2019 FIGURE 1. Overall procedure of exudates detection using the MMSA.
first step, the original images are normalized by using histogram specification method [24] . In this step, three expert ophthalmologists selected the best image as a reference and then used a frequency distribution shows the histogram value in a set of the reference image. Afterward, a histogram specification method will lead to modify the histogram values of all retinal images in the data sets to match the RGB histogram of the reference image. Here, although the quality of retinal image has a great for segmentation of exudates. However, in this stage, the color normalized image contrast is decreased as the distance of a pixel form center of the image to the periphery. To increase the contrast of the periphery, many methods can largely improve the contrast of the images. Adaptive contrast enhancement method [25] is the most widely used. The same method is proposed by [26] , a non-uniform sampling is used to enhance the color component of the retinal image. In the work of [27] , the contrast limited adaptive histogram equalization (CLAHE) give the best results of intensity adjustments and vessel removal. Walter et al. [28] presented a polynomial transformation to enhance the intensity of the color retinal image are implemented for comparison.
In this paper, for comparison the classical methods, the local contrast enhancement [29] is applied for better visualization. For more detail, the local contrast enhancement visually improves the retinal image quality by using Eq. (1).
where p are the pixel in the initial image, Min and Max are the minimum and maximum intensity value in the moving window and u w is the expected output minimum and maximum intensity value and defined as Eq. (2).
where f w indicate the mean value within the window and σ w is standard deviation parameter, which are defined as Eq. (3) and (4), respectively.
where N is the size of window and x, y are the location of pixels within the moving window. The contrast is enhanced. The retinal image is chosen for this test ( Figure 2 ) and comparison with CLAHE method [27] and a polynomial transformation [28] , which has a relatively mediocre performance according to the results in Figure 2 (b) and (c), respectively. For the result in Figure 2 (d), the proposed method using a local contrast enhancement with the window size (N ) is 68, min = 0 and max = 255 is used. The intensity is well balanced between the center and the periphery in the retinal image. However, noise in the retinal image is amplified, too. This is the major drawback of contrast enhancement process. Thus, these pixels can wrongly be identified as exudates pixels. A retinal image, it is mainly dominated by salt and pepper noise. Consequently, a median filtering operation [10] is widely used as it is very effective at removing salt and pepper noise while preserving the image edges. Finally, the OD removal is the basis for exudates detection. It can also help to remove false detection of regions, like exudates. A number of the OD removal algorithms are based on the assumption that the OD is the biggest and brightest structure in retinal image, for example, Maitreya et al. [30] . After a morphological opening operation, the biggest structure component cloud be considered as the OD regions. Then, the ChanVese active contour algorithm is used for OD segmentation. There are also methods based on a binary shape is used to compute the equivalent circular shape of the OD. Therefore, several images in DIARETDB1 database do not satisfy this condition. Another algorithms is based on a geometrical parametric model of vessel structure and leave the retina through the OD [31] . They evaluated their algorithms on the STARE project and achieved average accuracy of 98% (79 out of 81 images), even in poorly retinal images. After testing these different idea on DIARETDB1 database, the combination of the intensity information and largest connected component leads to a good solution for the detection of OD. This proposed methods including mathematical morphology, OTSU thresholding, maker-controlled watershed segmentation and Sobel edge operator, which proposed by Wisaeng and Sa-ngiamvibool [32] . Firstly, the retinal structures, including bright region, vessels and OD, which can mislead exudates candidate detection, a morphological by closing operator is used on the pre-processed image to remove retinal structure element. The morphological closing with structure element. In this stage, a structure element is set to 7, as it is computationally efficient. The result of retinal structures removed is illustrated Figure 3(b) . Then, in order to choose the threshold value, the result is normalized to a value between 0 and 1. For extreme large OD regions, a thresholding value of 0.68 gives the binary mask of the OD candidates. With threshold boot up, a pixels are extracted for each OD candidate and thresholded image is shown in Figure 3 (c).
After that, the OD detected is superimposed on the original retinal image (see Figure 3(d) ). However, the method maybe detect the wrong OD regions. Therefore, a binary dilation with a disc structure element with size 6 is used to reconstructed binary image to obtain a better OD detected image and then used a thesholding method with 0.68 to obtain a binary image again. The difference between the reconstructed image and a binary image gives the large OD candidates image (Figure 3 (e) and (f), for an illustration). This method is extremely efficient. Consider in Figure 3 (f), the OD localization gives significant intensity about the region of the OD. Similarly, it has been observed that the OD regions has a similar intensity of the exudates in an image. Thus, by thresholding the candidates contrast image, any regions has compactness more than 2,500 pixels (fixed for all of retinal images) will be assumed are the OD area. For each connected component of the structures, the OD areas are extracted and empirical selection is done by Eq. 5.
where A is its OD area and Perimeter is obtained by counting the corresponding number of OD pixels (see Morard et al. [33] ). The result is illustrated in Figure 3 (g). The background is very clean, and the OD regions are kept. After that, the marker-controlled watershed method of gradient magnitude is used to segment the image the external marker is obtained manually by drawing a circle enclosing OD of region interest (see Figure 3 (h)) and the internal-marker is determined by a morphological operation with structure element was empirically set to 29 pixel size and automatically by combining methods including, thresholding operation and Sobel edge detector. In Figure 3 (i), the white pixels belong to the background area and the dark pixels belong to the OD area and superimposed on the retinal images is shown in Figure 3 (j). The final edge detection result of OD is illustrated in Figure 3 (k) and superimposed on the original images is shown in Figure 3(l) .
B. TRIANNIG DATASET BUILDING
To construct training datasets of exudates segmentation, three expert ophthalmologist manually segmented a pixel of representative the exudates and non-exudates. An almost balanced training data sets was established to segment any possible bias toward either of the exudates and non-exudates pixels. The training data sets of 72,214 exudates pixels from 28 segmented abnormal images and 77,422 non-exudates pixels from 28 segmented normal images. However, the OD regions were excluded from all retinal images. Several examples of common non-exudates and exudates are shown in Figure 4 . The difficulty of small dot (see Figure 4 (b)) detection comes from their extreme variability in shape and contrast, which makes them difficult to detect, and easily causes false positives. The exudates (Figure 4(d) ) are a common type of exudates, which are very difficult to detect, because they are similar to cotton wool sport and microaneurysms regions. (a) image after pre-processing, (b) gray scale closed background and vessel information, (c) approximate optic disc pixels by using the optimal threshold, (d) overlaid on the preprocessed image, (e) dilated image using morphological, (f) candidate optic disc regions using the optimal threshold with values 0.68, (g) optic disc maker specifically in the compactness, (h) watershed segmentation of the imposed image, (i) inverted binary image with maker specifically in the compactness, (j) edge detection using Sobel method, (k) overlaid of the internal markers on the original image, (l) final result, after optic disc boundaries localized.
C. COARSE SEGMENTATION USING MEAN SHIFT WITH NODE WEIGHTS
Nowadays, various image segmentation approaches are available in the literature, yet not all of them can be used for retinal image segmentation. Choosing the right method for segmenting retinal images is therefore prominent. The objective of this paper is to develop a novel method to detect of exudates using mean shift with node weights techniques. The MSA procedure was initially presented by Fukunaga and Hostetler [34] and later improved by Carreira-Perpinan [35] . At the first step, mode-seeking algorithm is used to identify exudates pixels, given n dataset vector, X = {x 1 , x 2 , . . . , n} in the d-dimensional feature space, the probability density functions (PDF) is estimated by kernel density estimator (KDE) with Gaussian kernel function K (x) calculated in the point x, as is illustrated by Eq. (6)
where π i ∈ (0, 1) denotes the mixing proportion between of point i, Z i denotes a normalization constant that is only determined by i (Z i = |2π i | 1/2 for the Gaussian kernel), i is its covariance matrix and d(x, x i ; i ) is the Mahalanobis distance. Then, to find modes of p, reposition the stationary point and estimated PDF are located among the zeros of density gradient ∇p(x) = 0 into the iterative fixed point scheme x (t+1) = f x (t) using Eq. (7).
where K = dK /dt is assumed to be positive. The MSA can be used to classify the exudates regions by declaring each mode of the KDE as a cluster's representative, and assigning a data point x n to mode it converging to f ∞ (x n ). The Gaussian mean shift algorithm (GMSA) has proven to be effective in segmenting exudates where each data point x n . This paper places an emphasis on the simple setting where the data points have constant weights. This setting brings into bear an element of MSA update rule with the first term of the product in Eq. (8a) and the second term in Eq. (8b), respectively.
Consider in Eq. (8b), the weights of p(n|x) are non-negative, each update lies in the convex hull of the database. For GMSA's illustration, see Figure 5 . The MSA has a distinct advantage in that it does not the number of cluster as an input and is based on a non-parametric estimation of the data density function; thus, it is a non-linear local clustering method suitable for segmentation of exudates. However, one needs to specify the bandwidth parameters for the KDE. These parameters will significantly influence the output of the clustering. Therefore, the output of a clustering procedure will be a one point cluster for each data vector. This makes the mean shift relatively slow with a computationally complexity in O(N 2 ) time per sample for each iteration. Previously, many different techniques were introduced to accelerate the procedure of MSA. To begin with, DeMenthon [36] demonstrated that the lower complexity of MSA could occur due to an increase of bandwidth for each mean shift iteration. For Yang et al. [37] , the KDE's process was speeded up through an application of an improved Gaussian transform, which boosts the summation of Gaussians. A dynamical bandwidth selection theorem was presented in [38] . The theorem is based on reduced iterations till convergence, while simultaneously it regulates the proper kernel bandwidth to be used. For different scales, the most stable covariance matrix is estimated by this theorem. A dual-tree methodology, introduced by [16] , involves query and reference trees, both are constructed during the procedure. In each iteration, a comparison of a paired nodes from the query and the reference trees. The comparison's result denotes a memory efficient cache for speeding up the MSA calculation. However, the iterative remaking of the query tree in each mean shift iteration takes much processing time. Another method for speeding up the MSA was proposed by Paris and Durand [39] by exploiting a hierarchical segmentation method which was based on the usage of Morse-Smale complexes. The feature space of retina image via PCA method was utilized to accelerate the processing time. Pooransingh et al. [40] proposed two steps for the speedup of MSA. The first step was positioning pixel points in the retinal image. The second step was indicating the center of the pixel points. In this step, the pixel points surrounding a center were assigned to group with the center of mass. Through this way, the pixel points meant to be calculated were reduced, thus a decrease of computational time was mastered. Zhang et al. [41] proposed MSA for retinal image segmentation by calculating the pixels in the image. The overlapped pixels were calculated as the same cluster which were identical. Finally, Freedman and Kisilev [42] , [43] increased the speedup of the retinal image segmentation by using MSA with sampling on the density function. Yet, this proposed method was considered inappropriate for the small exudates pixel segmentations on the retinal image.
To reduce such difficulties, a robust MSA with node weights for each node is proposed. Before applying mean shift procedure, a node weight is used to find the neighbors of data points. These procedures are now explained in detail below. 1. Suppose w i is the weights of a node i and it is calculated as Eq. (9).
where ne(i) denotes the neighbors of node iand k(i, l) is the length between a node i and a node j. Therefore, the MSA vector with node weights at positionx in feature space is explained as Eq. (10).
where G(x) is Epanechnikov kernel, g is the kernel profile and h is the bandwidth value. The MSA with node weights for each data pixel determining its radius of influence. 2. Assign mG(x) to start at each data pixel and climb the hill until it converges. The mean shift with node weights is testing on retinal images. The image is 512×512 pixels, which means that there are n = 262, 144 feature vectors in the dataset. The number of mean shift iterations was kept constant at 90. 
D. FINE SEGMENTATION USING MATHEMATICAL MORPHOLOGY
The MSA is very useful for preliminarily extraction of region of interest. However, the MSA for different weight of node and found that the algorithm offered some erroneous results for exudates pixel detection. Hence, the results obtained from the MSA with node weights will be assigned to the fine segmentation using mathematical morphology method. Morphological by dilation and closing operators, introduced by Zaharescu [44] , will be used to extract the most contrasted structures and the corresponding size of the exudates regions. Both operators are controlled by a disc structuring element in order to find the region of interest (ROI) in the retinal images. In order to identify the ROI by morphological dilation method, the number of pixels is indicated as A, and a structuring element is indicated as B. The origin of B is reflected by (B) s , followed by a shift by s. The morphological dilation was explained by using Eq. (11) . Assign B value as the center of the original image. Then, the center of the original image is dilated to be subset of Avalue. The morphological dilation of image and the structuring element of s are represented asf ⊕ s, where sis the structuring element of the original image at position g(x, y) and the value of new pixels is denoted by using Eq. (12) .
In the current study, the morphological dilation function with the value of structuring element of 7 is used to segment the exudates pixels (see Figure 8) . Therefore, the proposed method are used on other retinal images with the same structuring element size. Afterward, the OTSU thresholding method [45] with 0.68 value is performed for a binary image to candidate the exudates pixels (see the result in Figure 8(c) ). Two classes, the exudates and backgrounds, are assigned to candidate from the expert annotation. Then, all exudates pixels in Figure 8 (c) will be overlaid on the original retinal image for locating the exudates pixels (see Figure 8(d) ). Finally, a Sobel edge operator is applied to detect the edge of exudates regions, and the result is shown in Figure 8(d) .
III. EXPERIMENTS
In all experiments in this study, the retinal images are utilized for detecting exudates by using MMSA. For training and testing the process, the publicly available DIARETDB1 database and local database are used. The DIARETDB1 database [46] contains 89 retinal color images-84 containing the exudates signs and the rest remains non-exudates. The images of local database are captured by screening 918 diabetic patients of age level between 45-70 years in a DR screening program in Thailand. The color retinal images show important size, color, and quality diversities. The retinal images are resized to 700×500 pixels, 8 bits per color component. This database, consisting of 918 images (i.e. 912 exudates images and 6 nonexudates images), is used to test the proposed algorithms. The proposed algorithms are evaluated with three widely used performance measures namely sensitivity, specificity and accuracy. Sensitivity and specificity rates given in this paper are the percentages of the correctly and incorrectly of well detected exudates and non-exudates pixels on the testing set. These sensitivity and specificity rates are evaluated with the following four criteria: True Positive value (TP), False Positive value (FP), False Negative value (FN), and True Negative value (TN). TP refers to the accurate segmented number of exudates pixels. FP refers to the non-exudates pixels that are inaccurately segmented as exudates pixels. FN refers to the number of exudates which are not segmented. TN refers to the non-exudates pixels which are accurately segmented as non-exudates. Therefore, in this study, the value of exudates pixels correctly segmented is the definition of ''Sensitivity,'' which can be calculated by Sensitivity = TP/FP + FN, and the value of non-exudates pixels correctly segmented is the definition of ''Specificity,'' which can be calculated by Specificity = TN/TN+FP. Finally, the overall value of accurate exudates segmentations is derived from the ''Accuracy'' value, which is calculated by Accuracy = TP + TN/TP + FP + FN + TN. The results from the proposed methods will be compared with the ground truth images which have been approved by experts. The performance measures of the four criteria for exudates detection are summarized in Table 1 , where sensitivity, specificity and accuracy value is represented mathematically as in Eq. 13, 14, and 15, respectively. 
A. RESULTS ON DIARETDB1 DATABASE B. RESULTS ON LOCAL DATABASE
The local database, consisting of 918 images (i.e. 912 exudates images and 6 non-exudates images), is used to test our proposed algorithms. The original sizes of retinal images are resized to be 700×500 pixels. Table 3 shows the results of the performance analysis with the confusion matrix consists the information about the actual data class and the predicted data class done by the proposed method. The proposed algorithm can detect exudates with the highest performance which includes the average value of 98.13% sensitivity, 98.35% specificity and accuracy of 98.40%, respectively, in detecting exudates.
C. COMPARISON OF THE PROPOSED METHODS
For testing the proposed methods, 89 retinal images from the publicly available DIARETDB1 database and 918 from local database. The success of the proposed methods in detecting exudates is compared with other algorithms available in the literature including BC [18] , NN [16] , FCM [20] , MMA [13] , SVM [41] , PCA [47] , MLP [48] , Stationary wavelet transform [49] and K-mean Clustering [50] . Table. 5 indicates that our proposed algorithms achieved higher accuracy values than the existing methods [12] , [51] - [56] , and [57] in literature review. The performance of our proposed algorithms, compared to [54] , has a nearby accuracy values of sensitivity at 97.00% and of specificity at 96.00%, respectively. Although, the proposed method achieved high performance in terms of sensitivity and specificity values with higher number of true positive but this also results in more false positive. False positive K. Wisaeng, W. Sa-Ngiamvibool: Exudates Detection Using MMSA in Retinal Images exudates detection arise because of other objects including microaneurysms region and the OD, most significantly.
Additionally, the machine learning algorithms is take a long time in training process. It is important to note here that the efficiency of exudates identification can be obtained only when using a combination of modified mean shift with node weight integrated with mathematical morphology method. However, an efficient methods and implementation of mathematical morphology method make the computing time compatible with application.
D. RUN TIME
When run on a computer workstation with Core i3 3.30 GHz CPU and 4 GB RAM using MATLAB R2017a, the proposed algorithm, on an average, takes 1.24 minutes per image for exudates detection (46 seconds for preprocessing stage and 31 seconds for candidate exudates segmentation by using MSA and plus 7 seconds for final exudates detection by using MMA). However, the time required to localize the OD and to segment the exudates is relatively high which makes the time requirement a bit higher and needs further improvement.
E. SIGNIFICANCE OF THE PROPOSED ALGORITHM
The exudates detection experiments with two different databases is developed. The proposed algorithms show performance in the following three aspects: First, the current study consistently outperforms all other approaches in all the SE, SP and AC experiments.
To the best of our knowledge, no other methods can perform the best consistently in all experiments. Second, the proposed morphology mean shift algorithm achieves the best performance in the publicly available DIARETDB1 database and local database without tuning its parameters, significantly better performance of the proposed algorithms comparing to other algorithms in the literature. Finally, the exudates segmentation results significantly outperform all other algorithms for a large number of the color retinal images. This demonstrates that the presented algorithms are very successful in detecting exudates. As the original retinal images generally contain an amount of noise and low contrast, therefore, the difference pre-processing methods for removing noise and increasing contrasts of the original images to reveal the uneven contrast is used. Afterward, the MMSA to segment the retinal images into exudates and non-exudates regions is proposed. In the first place, an MSA with node weighted is a very good method for segmenting the exudates and non-exudates regions. In this stage, the optimal weight is well suited for exudates segmentation. However, the results still have certain flaws in detecting tiny exudates regions. To increase the performance of exudates segmentation, a mathematical morphology is assigned to classify pixels to the closest cluster in the exudates or non-exudates. 
IV. CONCLUSIONS
The present paper discusses a novel algorithm to detect exudates by employing composite features based on morphology mean shift algorithm. In this place, two algorithms are integrated for exudates detection and are believed to perform better than mean-shift-only algorithms in terms of detection accuracy in all experiments. This integration increases the average accuracy values which are 98.35% for exudates detection. The results of the current study have proved prominent success in detecting exudates. Therefore, the algorithms can be used to evaluate color retinal images for exudates detection without requirements of experts. However, in case of detecting small exudates regions, experts are still to be consulted. 
